ABSTRACT
INTRODUCTION
The carbon dioxide (CO2) level that causes global warming has been increasing rapidly since 1990 and many countries are trying to reduce these CO2 emissions. Transportation accounts for a third of CO2 emissions, and therefore many solutions are proposed to reduce the growth of energy consumption and transportation CO2 emissions. Work commute trips by automobile represent 20-25 percent of all trips made in the United States [1] . One potential solution to greatly alleviate transportation CO2 emissions has been to identify a role for the employer in reducing car commuting and promoting more green commuting alternatives through green commuting plans. Green commut-ing plans are implemented by employers to encourage their employees to choose environmentally friendly transportation modes to work. In the UK green commuting plans have been an important transport policy since 1990s [2, 3] and now they gain more attractions in the United States as well. Green commuting plans have been encouraged in Washington and Baltimore Region, and a travel survey was conducted in 2007 and 2008 . In this way it has become important to model the effects of employer attitudes towards green commuting plans on commuter travel behaviour, and to find out whether positive attitudes of employers towards green commuting plans can promote green commuting of their employees.
Travel mode choice behaviour has been largely analyzed using discrete choice model. The traditional discrete choice model assumes that an individual's decision-making process is based on utility maximization and that the systematic part of the utility function depends on some observable attributes and covariates. However, these attributes and covariates can only explain part of the utility while a large part remains unexplained. In recent years, research has recognized that psychological factors such as attitudes, lifestyle, and values that reflect individual heterogeneity affect an alternative's utility and further the individual's travel behaviour [4] [5] [6] . Therefore, the aforementioned factors that are difficult to operationalize in the model are usually considered as latent variables and should be incorporated in the model. Although the framework of integrated choice and latent variable model has been proposed and extended [7, 8] there are still relatively limited applications in the literature due to the lack of appropriate full information estimation software for the integrated model [4] . A simple sequential estimation approach has been used in previous studies [9, 10] . The expected values for the latent variables are calculated in the first stage, and then they are added into the explanatory variables, traditional discrete choice mode is estimated in the second stage. Although this method is straightforward, it may lead to inconsistent and biased estimates of random utility functions [11] .
It has been well known that personal attitudes and perceptions could influence the traveller's behaviour. Johansson et al. found that both attitudes towards flexibility and comfort influenced the individual's mode choice [5] . Kim et al. analyzed the effects of pro-environmental attitudes on mode choice behaviour, and the results showed it directly and significantly influenced the mode choice behaviour [6] . Schwanen and Mokhtarian modelled commuting mode choice accounting for cognitive dissonance (the mismatch between one's current neighbourhood type and one's preference for neighbourhood type) as measured by the attitudinal indicators. The neighbourhood type dissonance was significantly associated with commuting mode choice [12] . Gardner and Abraham tested the impact of environmental concern, personal moral norms concerning mode choice, and attitudes on non-car transportation modes, and indicated that these factors potentially influenced the traveller's mode choice behaviour [13] . These previous studies mostly focused on how personal attitudes and preferences affect mode choice behaviour from the traveller perspective. However, commuter travel mode choice decisions do not merely depend on household, individual, mode specific attributes, but also depend on employer attitudes towards different transportation modes such as green commuting. Therefore, incorporating latent variables representing employer attitudes towards green commuting into mode choice model can lead to a comprehensive understanding of the mode choice behaviour.
Most current applications of integrated choice and latent variable model only consider direct effects of latent variables on travel mode choice, and car ownership is always constructed as an explanatory variable in the model in addition to socio-demographic variables. The causal relationships between latent variables, socio-demographic variables, and car ownership are commonly neglected. Car ownership is a critical mediating link in the connection between the built environment and travel behaviour: the built environment presumably influences car ownership, which in turn affects travel behaviour [14] . Travel decisions for an individual are embedded in choice hierarchy given by BenAkiva and Atherton [15] . Car ownership is considered as a medium-term decision, and it is conditional on long-term decisions such as residential location and workplace location. Car ownership, in turn, influences short-term decisions such as travel destination and daily car use. Recent empirical research also indicates that car ownership which is considered as a mediating relationship between the built environment and travel behaviour is more in line with the actual decision process [16] [17] [18] . However, in most studies, car ownership is assumed exogenous to travel mode choice decision, thereby inadequately analyzing the role car ownership plays in travel mode choice.
The aim of this paper is to develop a model-integrated choice model and latent variable and mediating variable with a structural equation model that not only is able to analyze the direct effects of employer attitudes towards green commuting on commuter travel mode choice, but is also able to recognize the indirect effects of socio-demographic attributes, and latent variables through mediating variable car ownership on travel mode choice behaviour, contributing to our understanding of the effects of employer attitudes towards green commuting on commuter travel mode choice and the role car ownership plays as a mediating variable in travel mode choice. Furthermore, simultaneous estimation approach, which is a full information estimation method, was used in this paper to overcome the deficits of sequential approach. 
METHODOLOGY
The integrated choice and latent variable model consists of two major components: a structural equation model and a choice model. The framework of the integrated model, adapted from Ben-Akiva et al. [7] is shown in Figure 1 . The structural equation model describes the relationship between the latent variables and their indicators and causes, while the discrete choice model explains mode choice.
Structural equation model
The structural equation model consists of two submodels: measurement equation and structural equation. The measurement model which is a confirmatory factor model relates the endogenous and exogenous latent variables to their corresponding indictors. The indicators can be continuous, binary, or categorical variables expressed by responses to attitudinal and perceptual survey questions. The structural model represents the interrelationships among the latent variables and observed exogenous variables.
Consider a structural equation model with endogenous latent variables h, exogenous latent variables p , and observed exogenous variables X. The measurement model can be expressed as: 
Discrete choice model
The random utility component is based on the assumption that a decision maker n, faced with a finite set Cn of alternatives i, chooses the option i which provides the maximum utility Uni . The structural equation of the choice model is given by the random utility function:
where b are parameters to be estimated for observed exogenous variables, latent exogenous variables, and latent endogenous variables. ε are i.i.d. extreme value error terms. Assuming utility maximizing behaviour, the measurement equation for the observed choices is shown as follows:
Likelihood function and estimation
Since all information about the latent variables x * n (p and h) is contained in the observed indicators Tn(In and Jn), the joint probability of the choice and latent variables is considered. Assuming that random errors o , v , and f are independent, integrating over the joint distribution of the latent variables leads to the following function:
, ; , , , , To estimate the integrated choice and latent variable model, two methods are now available: the sequential approach, where the latent variables are constructed before being incorporated into the discrete choice model as further regular variables [4, 5, 19] , and the simultaneous approach where both processes are done together [20] . The first approach brings measurement error into the model and therefore results in inconsistent and inefficient estimates [21] , and the second approach which is full information estimation method overcomes this limitation. Moreover, simultaneous approach can be used to test more complex relationships between observed exogenous variables, providing the direct and indirect effects of mediating variables on the travel behaviour. However, it has been far less used due to its higher complexity, especially as the number of latent factors increases.
MODEL SPECIFICATION AND DATA SOURCE

Model specification
Traditionally, travel mode choice is modelled both as a function of socio-demographic characteristics of the decision maker such as gender, age, car ownership, household size, employment status, etc., and of attributes of different travel mode choice alternatives such as travel time, travel cost, etc. In recent years, incorporating the unobserved or latent variables such as comfort, reliability, environmental preferences, safety, and convenience into the model of travel mode choice have offered great potential to enhance the understanding of the travel behaviour. Most latent variables are constructed from the decision maker perspective in travel mode choice model. For the commuters, the employer attitudes towards green commuting also play an important role in the individual's decision making process. For example, employer provides subsidies for transit if the employer has a positive attitude towards green commuting. Limited studies, however, incorporate latent variables into the model on how employer attitudes affect actual travel mode choice behaviour.
Car ownership is mainly used as an exogenous variable in most studies, in addition to socio-demographic variables to explain travel behaviour, as shown in the first model structure in Figure 2 . Travel mode choice behaviour is directly influenced by socio-demographic and car ownership. However, car ownership itself is also influenced by the socio-demographic characteristics, such as workplace location, residential location, household size, and income. This results in an indirect effect of the socio-demographic characteristics on travel behaviour through the mediating variable car ownership. As shown in the second model structure in Figure 2 , it includes the relationships between the two exogenous variables. Consequently, car ownership is the dependent variable in one set of relationships and at the same time it is an explanatory variable of travel mode choice behaviour.
Regarding the framework of the integrated choice and latent variables, mediating variable in this study is shown in Figure 3 . Based on factor analysis results, two unobservable factors related to employer attitudes towards green commuting plans were included in the model: public transportation preferences ( public h ), and car use discouragement ( car h ). The latent variable model was developed to analyze the structural relationship among the mediating variable car ownership, and the latent variables using relevant indicator variables. The utility of each travel mode was determined by the socio-demographic variables, car ownership variables, mode specific attributes, and latent variables in the discrete choice model. In this study, multinomial logit (MNL) model with three alternatives (car, transit, and non-motorized mode (i.e. walk and cycling)) was employed as the discrete choice model. In order to test the integrated choice and latent variable, and mediating variable model presented in this paper, and to assess to what extent the latent variable and mediating variable provides additional explanatory power and model fit, a traditional MNL model without latent variable and mediating variable was first estimated, only containing directly observed explanatory variables describing the choice alternatives. In the following, the integrated choice and latent variable, and mediating variable model presented in this study were estimated.
Data source
The data used in this study are drawn from the Washington and Baltimore Regional Household Travel Survey (HTS), which was conducted by Baltimore Metropolitan Council (BMC) and Transportation Planning Board at the Metropolitan Washington Council of Governments (MWCOG) during 2007-2008. As with most household travel surveys, detailed socio-demographic and trip information for each person were collected. In addition to the HTS, origin-destination travel time and cost matrices by different modes were obtained from Maryland Statewide Transportation Model (MSTM). MSTM is a multi-layer model working at a regional, statewide, and urban level. The model is driven by the economic and land use assumptions and includes both person and freight travel. The passenger and truck from both BMC regional and statewide model components provide traffic flows allocated to a time period (a.m. peak, p.m. peak, and off-peak).
The sample data used for the modelling process are selected from HTS, including all the travel from home to workplace in the morning (6 a.m.-12 p.m. In the travel survey, the respondents had to indicate their transportation benefits from the employers using binary indicator variables, as shown in Table 2 . The latent variable is observed indirectly by the indicators to identify the employer attitudes towards green commuting plans. Positive attitudes of employer to public transportation can be expected to positively affect the commuter's inclination to make environmentally friendly mode choices such as public transit, walking and cycling. Similarly, another attitude, car use discouragement, could also be expected to positively influence the public transport use, reducing carbased commuting trips. There are six indicators in the latent variable model to represent employer latent attitudes towards green commuting plans: five indicators for public transportation preferences ( public h ), and two indicators for car use discouragement ( car h ). 
Figure 3 -Framework of the integrated choice model and structural equation model
Meanwhile, the "public transportation preferences" and "car use discouragement" latent variables could also be expected to influence car ownership of the commuters. Several previous studies have identified that there is a potential relationship between the household car ownership and transit subsidies [22] [23] [24] . The structural relationship between the two latent variables and mediating variable car ownership was also tested in this study.
In this paper, simultaneous estimation approach was conducted to estimate the integrated model using the software package Mplus to overcome the limitation of sequential approach. Maximum likelihood method is a generally used estimating procedure in structural equation model. A basic assumption of the ML-estimator is the multivariate normal distribution of all continuous endogenous variables in the model [25] . However, this assumption is not always fulfilled and, moreover, the final outcome variable travel mode choice is categorical. In order to deal with this issue, a robust maximum likelihood (MLR) estimator was used instead.
MODEL RESULTS
Confirmatory factor analysis was first used to test the reliability and validity of the measurement model with the mean and variance adjusted weighted least square (WLSMV) parameter estimator. Goodness-of-fit index for the measurement model indicates that two unobservable factors related to employer attitudes towards green commuting should be included in the model. The results of the measurement relationships are shown in Table 3 . All indicator variables in the latent variable model are positive and significant at 95% level, which means that all indicators contribute to the construction of the two latent attitudes. Akaike information criterion (AIC) and adjusted Bayesian information criterion (BIC) are lower. Furthermore, both latent variables significantly influence the commuter mode choice with expected signs at the 95% level, indicating that employer preferences for public transportation and car use discouragement increase the likelihood of choosing green modes over driving to work, which is consistent with our hypothesis.
The MNL results from the integrated model for the variables of household, individual, and travel-related characteristics suggest that these characteristics have important roles in the commuter mode choice decisions. As expected, low income groups are found to contribute positively to choosing public transit to work. More cars imply greater availability and thereby greater probability of usage for commuting trips. People in households with more students tend to prefer the car mode. People living in suburban areas are significantly more likely to choose driving to work. This seems logical because there are usually limited transit services for suburban residents. It is found that people who work in the CBD are significantly more likely to use green commuting modes. This finding may be due to the fact that there are better transit services and better non-motorized environments in the downtown area. In terms of individual characteristics, males are significantly more likely to use green modes to work, which is not consistent with expectations. This might be so because female members of the family need to run more errands on their way home, like pick up kids, buy groceries, etc. Young adults are significantly more likely to choose public transit to work, which may be due to the fact that they have limited car availability thus contributing to greater propensity of using transit. The variable of race is found to have positive coefficients for walking and bicycling modes, indicating that white people are significantly more likely to choose walking and bicycling to work with respect to others. As expected, people who have more than one job are significantly more likely to choose driving to work. Table 5 , turning to the mediating variable, it is found that two latent variables have significantly negative effects on car ownership at the 95% level. This indicates that positive attitudes of employers towards green commuting plans can also reduce their employees' household car ownership. Household size and number of workers in a household are positively related to car ownership. This may be due to the fact that intra-household decisions related to activities among household members increase the need to own more cars. As can be expected, car ownership is significantly affected by low income negatively, and by high income positively. Households located in suburban areas are significantly more likely to own more cars. Because of limited transit services and long commuting distances, the need to own more cars increases within these households. People who work in CBD area are less likely to own more cars.
As shown in
In traditional choice model, only the direct effects can be found. However, focusing on direct effects only would lead to inconsistent conclusions in some cases [26, 27] . Based on the extended conditional logit choice model by incorporating mediating variable with a structural equation model, the indirect effects of socio-demographic attributes, and latent variables through mediating variable car ownership were recognized. For example, household size is not significantly associated with travel mode choice if direct effects were only focused on, as shown in Table 4 . However, travel mode choice behaviour is likely to be influenced by household size but mainly in an indirect way through interaction with car ownership. As shown in Table 6 , the indirect effect of household size on travel mode choice is significant at the 95% level through mediating variable car ownership. Similar example relates to the influence of income on the travel mode choice. It is believed that high income groups can afford to own more cars, which increases the likelihood of choosing car over transit to work. However, the direct effect of high income on transit is not significant. The estima- This finding indicates that the travel mode choice behaviour is not mainly directly caused by high income but rather their higher car ownership level. The indirect effect of residential location on walking and bicycling is significant at the 95% level. Its negative sign implies that living in suburban areas (characterized by low density, limited diversity, and car-orientated design) will lead to fewer non-motorized trips [28, 29] . Furthermore, the indirect effects of the two latent variables on car choice are also significantly negative, which may be highly helpful for a policy analysis standpoint. The total effect is the sum of the direct and indirect effects of a socio-demographic variable and latent variable, as shown in Table 6 . Depending on the sign, the indirect effect of one variable on mode choice may strengthen or offset its direct effect. Comparing the direct, indirect, and total effects in Table 4 and Table 6 , it is found that the total effects of household size, low income, residential location, workplace location, and the two latent variables have larger magnitudes than the direct effects due to the synergism of the indirect effects. While the total effects of household workers and high income are the net outcome of the direct and indirect effects, it is logical that household workers and high income have negative total effects on transit mode choice. The magnitude of the negative indirect effect of household workers is larger than its positive direct effect, leading to a negative sign on total effect. Similar example relates to the effect of high income on transit mode choice.
CONCLUSION
Car-based commuting travel in the morning peak period is the most severe time of day. Due to the serious traffic congestion, transportation CO2 emissions are increasing. In large metropolitan areas, such as Washington-Baltimore region, the major freeways are highly occupied and congested by commuters. Car use is partly reduced with the public transit service availability, but it is still not enough. The effects of employer attitudes towards green commuting on commuter mode choice were tested and the role the car ownership plays in the mode choice was found by incorporating latent variable and mediating variable into discrete mode choice model. The data used in this paper were selected from the Washington-Baltimore Household Travel Survey in [2007] [2008] , including all the travelling from home to workplace in the morning hours. The model parameters were estimated using simultaneous estimation approach. The integrated model has turned out to be superior to the traditional MNL model. The direct and indirect effects of employer attitudes towards green commuting have strong influences on travel mode choice behaviour, as shown by the empirical results.
Although travel cost is significant for the mode choice, transportation and planning policies should not only focus on influencing car use directly by measure of increasing car travel cost from the traveller's perspective such as traffic congestion, road pricing and gasoline taxes, but also it should focus on measures from the employer's perspective, for example, through car parking management, public transport initiatives, and pedestrian and bicycling incentives. Our empirical analysis indicated that household size and income influence travel mode choice mainly in indirect ways through mediating variable car ownership. The direct effects of household size and high income on the mode choice are not significant. However, the indirect effects are significant at the level above 95%. Similar results can be found in the research of built environment and travel behaviour reported by Acker and Witllox [16] . This indicates that ignoring car own- Further studies can be identified, which not only includes the applications of the framework based on the mixed method of structural equation model and discrete choice model, but also includes the use of advanced model structures such as mixed integrated model to account for the heterogeneity across individuals in the travel behaviour decision.
